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I INTRODUCTION
The empirical study of asset price dynamics is often carried out on daily data and it is customary that returns are measured as the log-differences of the closing prices. Amihud and Mendelson (1987) [1] and Stoll and Whaley (1990) [11] offered a rationale for this practice, arguing that returns measured as open-to-open are affected by specific trading mechanisms at work when markets open, resulting in a number of unappealing statistical features in the corresponding time series. Some authors attribute to trading the feature of conveying a flow of information which is interrupted during closing times (Romer, 1993 [10] , Dow and Gorton, 1993 [4] , ). Hence, opening prices are reckoned to be of interest, since they convey the impact of information accumulation during closing times. It is the claim of this paper that this information can be relevant when evaluating the intra-daily volatility, even without resorting to high frequency data. This is consistent with the findings in the literature that there is a higher transitory volatility at opening time and that this volatility declines during the day (e.g., Gerety and Mulherin, 1994 [8] ). The results in this paper account for the transmission of the variability measured at the market opening to the volatility measured during that day.
Put differently, throughout this paper, we will consider (close-to-close) returns as the sum of (close-to-open) overnight returns and of (open-to-close) intra-daily returns, and examine the specific question as to whether the former can have a statistically significant impact on the volatility of the latter. The answer provided here is positive since the models suggested all point to the relevance of augmenting the information set to include market opening surprises.
This decomposition echoes the approach adopted by Lin et al. (1994) [9] who examine the effects on volatility of the interactions between stock indices from the Tokyo and New York stock exchanges. Such markets are never open at the same time, and therefore either market's intra-daily return can be seen as conveying relevant information for the other market when it opens. Yet, the present paper departs from that approach in various ways. On a substantive level, the present approach is of particular interest for assets traded in segmented markets, e.g., for individual stocks traded on a single specialized market for which there is no natural source of additional information coming from other markets. It is argued here that there is an asymmetry of behavior behind the realizations of the two components (one originating from the accumulation of news during times when exchanges are not possible, the other from active trading) which makes this analysis distinctive from the traditional analysis of returns in different markets. By the same token, therefore, the distinction between the meteor shower/heat waves nature of innovations across foreign exchange markets operating around the clock (Engle et al. 1990 ) [5] does not apply in this context, nor does the need for correcting the effects implied by simultaneous trading, as in Burns et al. (1998) [2] .
We choose to address the characteristics of this interaction by first establishing some stylized facts on the two types of returns measured on a sample of 20 widely traded stocks (Section II); we then suggest a simple test in order to examine whether there is an opening surprise bias, i.e., whether the overnight innovation is potentially relevant in explaining the clustering in intra-daily conditional variance relative to the close-to-open return (Section III). In a univariate framework, a model for intra-daily conditional variance can be derived to account for the explanatory power of the opening innovation (Section IV). A forecasting comparison (Section V) shows that the extension has a better Mean Absolute Error than standard GARCH models although it is slightly outperformed in a Root Mean Squared Error sense. Concluding remarks follow.
II OPENING AND CLOSING PRICES
Let us consider a single stock, and let us define daily returns as the difference between the logarithms of closing prices. Clark (1973) [3] considers the daily return on an asset at time t as the sum (arising from a random number of trades n t ) of independently and identically distributed price movements with mean 0 and variance σ 2 . Accordingly, conditional on n t , the variance of the daily returns is n t σ 2 . As noted by Gallo and Pacini (1998) [7] , one should keep in mind that among these n t trades, the first recorded price movement (occurring at market opening time) is bound to have different stochastic properties than the intra-day price movements. This different nature arises from the specific market microstructure and opening price formation process where, alongside the mechanisms adopted for market trading, the overnight accumulation of information plays a special role. Among the elements of this information flow, one can consider general stock exchange behavior around the world, macroeconomic or sector specific news released during market close and, of course, cross-listings of the same stock on other stock exchanges.
We will then consider the decomposition of the daily returns by adding and subtracting the log of opening prices. We will depart from standard practice by referring to the closing price at time t as C t (instead of P t ), and to the opening price as O t leaving lower case letters to denote (natural) logarithms of the corresponding quantities. Thus, the daily returns are seen as
where r i,t denotes the intra-daily return and r o,t is the overnight return. By so doing we design a suitable framework to investigate whether the latter has an impact on the former's conditional mean and variance 1 . Thus, given the assumptions on conditional moments
what will follow will focus on whether enlarging the information set I t−1 to include r i,t is relevant for the conditional variance h
2 . Let us start by considering 20 large caps stocks (the complete list of tickers and explanations is in Table I ) traded on the New York Stock Exchange (NYSE): many of these stocks are included in the sample examined by various authors (Amihud and Mendelson, 1987 , among others) and therefore can be deemed representative of other actively traded stocks. The chosen sample period is from Jan. 4, 1994 to Oct. 1, 1998 (a total of 1235 days). We will work on the residuals of the least squares regressions
that is:
Extracting the residual from the mean equation does not affect the estimation of conditional variance (Engle and Ng (1993) [6] ), and thus allows us to concentrate just on the volatility modelling. Table I about here For the purposes of this paper, it suffices to report just a few stylized facts about some relevant characteristics of the η t 's and the ζ t 's:
1. Figure 1 presents the time series profile of the three series (r o,t , r i,t and their sum r t ) for a few of the stocks under scrutiny here, from which we can see that, by and large, the familiar pattern of volatility clustering is replicated in the two component series, justifying the claim that the series of overnight innovations has some distinctive features which make the first trade of the day qualitatively different from each successive single trade during the day. 
III THE OPENING SURPRISE BIAS TEST
Having established that ARCH effects are present in the ζ t 's, while they may or may not be present in the η t 's, the relevance of the latter in a model for the former can be seen, more formally, in terms of a set of estimation residuals standardized by the conditional standard deviation using information on ζ alone. In particular, one would not be able to find any significant parameter from regressing the squared standardized residuals of ζ t on a constant, η t and η 2 t . The test can be seen as a specification for the conditional variance model and can be called an opening surprise bias test in a spirit analogous to the negative size bias test suggested by Engle and Ng (1993) . In Table III , we report the results for the t-statistics on single coefficients, and the joint F-test (with p-values in the second row) for the regression
where h ζ t is estimated by a standard GARCH(1,1) and a term for possible asymmetric effects in the opening surprise was inserted.
Table III around here Having both the value of η t and its square in the auxiliary regression ensures that possible asymmetries of effects are captured (a point to which we will return later). It is clear that, at least judging from the p-value of the joint F-test, the informational value of the overnight news is quite relevant, since for only four out of the twenty stocks does the test accept the null hypothesis of zero effects (Bethlehem Steel, Eastman Kodak, Goodyear and Exxon). The issue of the sign of the impact does not seem as important as its presence, since mostφ 1 's are not significant.
we have thus established the potential for investigating the consequences for intra-daily volatility (evaluated as of the opening time in t), deriving from the insertion of η t in the information set and its role in the presence of asymmetric ("leverage") effects. Moving now to its full measurement we will adopt the framework of a simple, univariate Threshold GARCH(1,1) specification, applied on the original process ζ t with η 2 t included as a predetermined variable.
The appealing feature of this specification is that it can be used both in an ex ante framework, when η t is observed, but also, as of t − 1, on the basis of scenarios about what the overnight surprise could be.
IV OPENING NEWS IN THE CONDITIONAL VARIANCE
The model begins with the consideration that the realization of η t is observed at the opening of the markets and hence can be used to form a modified prediction of the intra-daily volatility 3 . We have tried four specifications for h ζ t , namely, h
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The first model is the standard GARCH(1,1) already commented on earlier (labeled G), followed by a GARCH(1,1) with predetermined variables (GARCH-X) with η 2 t as the predetermined variable (labeled GX); the third and the fourth models, in parallel with the first two, are Threshold GARCH(1,1) models where a term is inserted accounting for the possibility that negative past innovations in ζ can increase its volatility (labelled, respectively, TG and TGX). Table IV 
around here
The results warrant the following comments:
• The absence of an opening surprise bias would be confirmed, based on the lack of significance of the estimated coefficientsφ in models (GX) and (TGX) for the stocks which had not signaled such a bias in the test before. However, judging from the outcome of a likelihood ratio test (the critical values for a significance of 5% are 3.84 for one degree of freedom and 5.99 for two), the pair-wise comparison between the nested models shows a significant difference when η
• The consideration of the Threshold GARCH models aims at assessing whether the opening surprise bias could be due to the neglected asymmetric effects, but this occurs only once (for the Disney stock for which the leverage effect is significant). One way of looking at the interaction between the two effects is to arrange the instances in a 2 × 2 table in which either rejection is or is not accounted for in the model (TGX).
Note that in this context the occurrence of opening surprise biases is more frequent than the presence of asymmetric effects. As a matter of fact, less qualitatively, likelihood ratio test statistics can be computed for the zero restrictions imposed on Model (TGX) which result, respectively, in a. Model (G) (Augmented T-GARCH versus GARCH -two restrictions corresponding to opening surprise and leverage effect), b. Model (GX) (one restriction -leverage effect) and c. Model (TG) (one restriction -opening surprise). This is done in Table V , where for each stock, the first row reports the value of the test statistic relative to Model (TGX), and the second row reports the corresponding p-value associated with the null of the validity of the zero restrictions.
Table V around here
The results are overwhelmingly in favor of the opening surprise effect, in that only in the case of Exxon is the restriction φ = 0 accepted while in all other cases it is rejected. The pure leverage effect is less supported by the data, with the restriction being accepted for Chevron, Procter & Gamble, Texaco and Exxon. Finally, the absence of joint effects is always rejected (with the exception, again, of Exxon).
• There are three instances in which the insertion of a leverage effect gives a negative estimated value for α 1 . This, in principle, may create problems with the non-negativity requirement for the estimated variance, although this was not the case for the series at hand;
• Finally, the results on asymmetric effects from η t itself (not reported here) do not signal any significant impact of negative values of η t on the conditional variance.
V A FORECASTING COMPARISON
A full comparison among the four models can be performed in an out-ofsample forecasting context as well, over the period Oct. 2, 1998 to Jan. 7, 1999, which immediately follows the estimation period and includes 195 observations. The forecasting strategy is one step ahead, by computing the values of ζ's and η's on the basis of the coefficients estimated over the sample Jan. 7, 1994 to Oct. 2, 1998. The forecast errors are computed as the difference between the squared realized ζ's and the variance forecasts according to each model. As synthetic indicators, we use the out-of-sample Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE) as shown in Table VI . This complements the analysis presented in Section IV regarding the evaluation of estimated models. We report, therefore, the simple GARCH (G), the GARCH with η and the Threshold GARCH with η 2 t (TGX). Note that we have reported in boldface character the lowest value of each indicator among the four models, and that, for ease of reference, we have added an asterisk next to the ticker when the joint opening surprise bias test above turned out to be significant (cf . Table III) . Table VI around here The results point out at least two interesting features:
1. if the criterion used is the mean of forecast errors in absolute value, the performance of the models where the η's are included is outstanding, dominating the more standard models in all cases (14 best performances for the GARCH-X and 6 for the TGARCH-X).
2. When the other indicator is used, though, this predominance disappears mainly in favor of the standard GARCH models (13 for the GARCH and 4 for the TGARCH).
An explanation for these features might be that the extended models perform less satisfactorily than their standard counterparts when extreme episodes of volatility are involved: in such instances, in fact, one can expect larger forecast errors which, when weighed more heavily as squares, reveal a poorer performance in the augmented models. The issue of deciding which kind of metric translates best into a suitable evaluation criterion still stands and will not be pursued here (Gallo and Pacini, 1998, [7] adopt an asymmetric criterion for negative and positive forecast errors). However, limiting ourselves to the comparison between the absolute and the quadratic criteria presented here, we can draw some suggestions as to the behavior of the models by looking at the scatterplots of the forecasts obtained using the best performing model according to the MAE (which as we said include the opening surprise effect) and the ones obtained using the best performing model according to the RMSE (when this is a standard model). We have selected twelve cases (neglecting those where the difference was not informative), showing different situations and a common feature: standard GARCH-or TGARCHbased forecasts, reported on the x-axis are sistematically higher than their GARCH-X or TGARCH-X counterparts. This may explain the fact that, when episodes of higher volatility are involved, traditional GARCH models seem to react more than their augmented counterparts, avoiding those large errors associated with such extreme phenomena. On the other hand, aug-mented models fit better the actual volatility, so when extreme values are not squared (i.e. when MAE is used instead than RMSE) they perform better.
Figure 2 about here

VI CONCLUSIONS
In this paper we have examined the question of whether the information contained in the overnight returns (measured as open-to-previous close) can be useful in explaining the volatility of the intra-daily returns (measured as close-to-open differences). The results obtained provide a positive answer in that a test suggested here reveals a so-called opening surprise bias. As such, the overnight return has an explanatory power for the squared residuals of the intra-daily returns when they are standardized with a univariate estimate of the conditional variance. An extension of the univariate GARCH model to include the squares of overnight returns in the specification shows that the information set thus enlarged is helpful and often provides a better fit for the conditional variance estimates. The approach followed consists of inserting the squared overnight innovation directly into the intra-daily variance equation and has the advantage of being general and simple to compute. The new suggestion is evaluated in a forecasting framework where one-step ahead and out-of-sample forecasts are computed with each model. The extended models outperform the simple GARCH or threshold GARCH as far as mean absolute error is concerned, while a more mixed result holds for the RMSE, favoring the standard model. 1 Notice that this decomposition has the interesting aspect of allowing a decomposition of daily variance into the sum of conditional variances of the components and twice the conditional covariance. We examine the issue of comparing these estimates of the conditional variance of r t to those obtained by using the time series on r t alone in a separate note. 2 We also found that there is a mild effect on the conditional mean µ ri , but in general this result is consistent with market efficiency. 
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